This study investigates the completion of the Ph.D. in Economics. We use ex ante information, based solely upon reviewing a set of individual applications from former doctoral students. Estimation for determining success is done by logit, multinomial logit, and generalized ordered logit. We find that students need different skills and attributes to succeed at each distinct and sequential stage of the doctoral program. Significant determinants for passing the comprehensive exams include high GRE verbal and quantitative scores, a Masters degree, and a prior focus on economics. Research motivation and math preparation play significant roles in completing the dissertation, but having a Masters degree and economics preparation becomes insignificant. GRE scores disappear as a significant determinant for completion in the generalized ordered logit estimates, which emphasize the sequential nature of the Economics Ph.D. program. Although the Economics Ph.D. has been awarded for over a century in the United States, surprisingly little scientific evidence has been obtained on the set of skills and attributes that best predict who will earn a doctorate in economics. 3 Empirical work on this topic is meager primarily because existing studies include little data of students' aptitude and attributes. In addition, the few compiled data sets of doctoral completion (e.g. Ehrenberg, 1992) use either data from select elite institutions or highly aggregated data sets that do not identify individual institutions.
reached the conclusion that measured student quality does not affect completion rates. 7 In contrast to Ehrenberg and Mavros (1995) , though, they also find that financial support (i.e., research council funding) failed to influence the likelihood of finishing the degree.
Our study takes a different approach. The authors in the foregoing papers all estimate how changes in doctoral students' lives during the course of their study (e.g., sources of funding, grades in the Ph.D. program, marriage, children, job prospects of those with the doctorate, etc)
influence the probability of completing the degree. 8 Instead, we investigate the determinants of student outcomes ex ante to their entry in the program. The variables that we use come directly from the application files, the information known to the selection committee at the time of selecting candidates in the spring. The only other ex ante study in this area that we are aware of is Krueger and Wu (2000) , who estimate what characteristics of the more than 300 applicants to Princeton's Economics Ph.D. program determine admission and subsequent job placement.
To better measure the set of skills and attributes necessary to complete a Ph.D. in Economics, our study analyzes a rich set of individual-level data extracted directly from the application files. Studies in this area typically rely on institutional records (e.g. Bowen and Rudenstine 1992, Ehrenberg and Mavros 1995) . While this work has the virtue of analyzing multiple departments and (with the former) multiple universities, it contains limited information about individual ability, as both these sets of authors lament. Following the advice of Ehrenberg and Mavros (1995) , we use "additional information about a student's true ability." Besides demographic variables and GRE scores, our data set --taken from individual student application forms, transcripts, and personal statements --enables us to test for a remarkably wide array of determinants for success in an Economics Ph.D. program.
As another distinction, we focus on the various stages in the Economics Ph.D. program.
Our data set contains information on individual outcomes for each of the three major steps: As a final difference between this study and others, we examine students at a mid-level program rather than at elite Economics Ph.D. departments as is the case with Ehrenberg and Mavros (1995) , Krueger and Wu (1989) , Bowen and Rudenstine (1992) , and Espenshade and Rodriguez (1997) . With this feature, our data may provide more variation that lend themselves to study of the production of Economics Ph.D.s. For example, top censoring may limit the usefulness of many important determinants at places like Princeton where the mean score of admitted students for the GRE Quantitative Exam was 774 out of a maximum of 800 (Krueger and Wu, 1989, Section 2 introduces our models and discusses the variables we extract from the graduate student files. In section 3, we empirically investigate the determinants of doctoral student success at each stage of evaluation. We use three estimation techniques: logit, multinomial logit, and generalized ordered logit. While each of the three methods provides its own interpretation, generalized ordered logit in particular emphasizes the sequential nature of the Ph.D. economics
program. In general we find that students who pass the comprehensive exams exhibit intellectual firepower (high verbal and quantitative GRE scores), have a Masters degree, and focused on economics as reflected in the number of economics courses taken beforehand. But having passed the comprehensive exams, what it took to complete the degree was strong research motivation and more math preparation. We find that research motivation, measured by whether the student mentioned in their personal statement a paper that they had done, is a significant indicator for successful completion of the dissertation. The significant determinants of passing the comps generally become insignificant for the dissertation step.
In section 4 we use factor analysis to extract seven "factors," or underlying latent behavioral variables, from our data set. We conduct the same analysis as in section 3 using the factors. Our logit and multinomial logit results tell the same straightforward story: overall intelligence plays a significant role in success for each step, but completing the dissertation also requires motivation and research desire. The findings from generalized ordered logit estimation affirm those results and provide evidence that passing the comprehensive exams additionally requires math talent.
All told, then, we find that students need different skills for success at the various stages of the doctoral program. Surviving the comprehensive exams requires talent and acquired tools.
To thrive in the dissertation stage, though, additionally requires motivation for doing economics research. Section 5 concludes the paper.
Models and Data
The models we investigate can all be expressed in the following form. For the ith student, as i = 1, 2, … , T, the probability of success is in the jth step is given by: To avoid giving up too many observations and degrees of freedom, we made several choices regarding the outcome variables. Students who left the program before attempting a given step receive a value of 0 for this outcome. Some students in this group decided that they do not have the performance units to reach the expected standard and decided not to try. Others who transferred from the program before attempting the outcome (they receive a 1 on any previous outcomes in which they succeeded) may have the necessary academic abilities to succeed, but did not seek to obtain the necessary performance units through study. We make no effort to distinguish between voluntary and involuntary leavers, since our goal is to evaluate what determines which students completed the degree in this program. Ehrenberg and Mavros (1995) argue that GRE scores poorly measure student quality, which accounts for the lack of association with degree completion in their study. The absence of a statistically significant relationship between GRE score and degree completion is also reported by Zwick (1991) , Zwick and Braun (1988) , and Dawes (1975) . On the other hand, Attiyeh and Attiyeh (1997) and Krueger and Wu (2000) show that GRE scores, especially from the quantitative section, strongly predict admission to economics doctoral programs. But if these standardized test scores do not predict degree completion, then the use of GRE scores by institutions of higher education may be, as McCloskey (1994) comments, merely placing "crowns on the heads of the 'brightest," so measured at age 21. Hansen (1971) finds a larger role of the quality of the undergraduate institution and GPA than for GRE scores, but GRE quantitative scores help to predict second year grades and who continues to the second year.
11 Krueger and Wu (2000) show that GRE scores, especially from the quantitative section, are a statistically significant predictor of applicants' subsequent job placement-perhaps the ultimate measure of success.
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The next two variables come from our examination of the students' transcripts and are not used in other studies to our knowledge. The variable Math Courses refers to the number of courses in the mathematics department Calculus I or above that appear in the student's transcript. 
Empirical Results: Determinants of Success
This section presents findings from estimating limited dependent variable models involving the distinct steps in the Ph.D. program. The determinants come from the variables listed in Table 1 . For purposes of examining as many determinants as possible, we include all the characteristics for each outcome.
We also include several interaction terms, interacting GRE Quantitative with GRE Analytic, Math Courses, and Econ Courses. These terms test for a possible "compensation effect," involving students who seek Ph.D. study in economics but have a low GRE Quantitative score. If the GRE Quantitative exam measures quantitative aptitude, demonstrating analytic ability or bulking up on math or economics courses may increase the probability of success more strongly for students deficient in this attribute.
To illustrate how this behavior works within the model, consider for example the effect of Math Courses. Let α 1 and α 2 be the parameters corresponding to Math Courses on its own and the interaction of Math Courses and GRE Quantitative. Then the marginal effect of Math
Courses on the probability of success includes the term
and carries the same sign as well.
The compensation effect implies that α 1 > 0 and α 2 < 0. The marginal effect has positive sign only if GRE Quantitative is less than the threshold value of -α 1 /α 2 . Thus, math courses only help students with relatively low GRE Quantitative scores. In addition, a lower GRE Quantitative score generates a marginal effect with larger magnitude. Math courses taken beforehand have a stronger effect on the probability of success for students who are more deficient in quantitative aptitude.
Before proceeding to the estimations, we must address several econometric issues inherent to studies of this type. Two potential selection problems arise, because we do not observe the outcomes of all students who apply for the program in Syracuse. The first selection problem occurs in the decision to offer admission, since only a limited set of individuals are picked. The second selection problem results from decisions made by students once the offer was made, as most get offers from other schools and many choose not to enter the Syracuse program.
To receive an offer, a student must meet certain threshold criteria. Therefore, because the program makes offers to a select group of candidates, they may be systematically different than the group that was not selected. However, since students who did not get accepted are screened on the basis of their applications materials alone, the selection is based purely on observable factors. Therefore controlling for observed characteristics in the estimations lets us control for selection on observables (Angrist and Krueger 1999). Controlling for selection applies to students who were not given the offer either because they were regarded as too weak or because they were regarded as a bad fit with the program (e.g. differences in field interests versus offerings).
However, another selection problem may arise when students have offers from Syracuse University but choose not to enroll in the program. If students who enter the program are systematically different from students who do not come, then selection would be done on unobservable characteristics, and the estimated coefficients for success could be biased. For example, a student's success may be based not only on the characteristics observed by the admission committee, but other characteristics such as motivation or persistence. Only the individual student has complete information on his/her entire set of qualities. And if they have an offer from a higher ranked program, the more ambitious students may systematically choose that program over Syracuse. Therefore, students who choose Syracuse may have the same values for observable characteristics like GRE scores or number of math courses as students who do not come to Syracuse, but may have lower probability of success.
Like most studies in this and related areas, we do not attempt to correct for potential selection problems. In this way, we estimate the effects observed for individuals who have chosen to join the Syracuse University program. We assume that the unobservable characteristics for selection are not correlated with the independent variables in the model, so our coefficients have the interpretation of partial correlation coefficients.
The models are estimated using Version 7 of Stata. All models employ the Huber-White sandwich variance-covariance estimator to produce standard errors that correct for heteroskedasticity (White 1980 (1) The logit estimations investigate the significant determinants for completion of each stage, but have little to say about where the student ultimately ends up in the program. Some students who pass the theory comprehensive exam will go on and pass the field comprehensive exam, some won't. Some students who pass the field comp will ultimately complete the dissertation, some won't.
To address this issue, we perform multinomial logit estimation. This procedure moves toward examining the terminal outcomes of students in the Ph.D. program, and the variables that determine where students place into the separate categories. In the context of the Ph.D. program, one generally classifies terminal outcomes into four categories -exam failures, or students who failed the theory comp; passers on the theory comp but not the field comp; passers on both comprehensive exams who did not complete the dissertation; and those who completed.
We make a couple of compromises due to data limitations. We make the same adjustments for the estimations in Table 4 .
The multinomial logit in our context, then, takes the form of simultaneous estimation of the probabilities: Step two would then perform logit estimation of Completed versus Exam Failures. Hence, the estimates investigate the significant determinants of what propels students beyond the point of failing the theory comprehensive exam. The multinomial logit extends the two-step procedure by performing joint estimation, preserving estimator consistency while improving efficiency.
Findings for the multinomial logit in Table 3 largely reinforce the results in Table 2 .
Scores on all three GRE exams are significant determinants of whether students pass one or more The estimated low GRE Quantitative thresholds for the math courses and GRE Analytic may suggest behavior in addition to the compensation effect. The estimates in fact suggest negative effects on the probability of success for students with GRE Quantitative scores above the threshold who have taken more math courses or have a higher GRE Analytic exam. While the compensation effect holds for students with GRE Quant scores below these thresholds, why might students with better GRE Analytic scores and more math courses have a decreased probability of success? Apart from shortcomings in the data and the multinomial logit technique for this application, two behaviors might account for these findings.
The first involves transferring from the program. More talented students who get into the Syracuse Ph.D. program and take some courses may decide to seek entry in a higher ranked program. At Syracuse we encounter some of this behavior, but not to a frequent extent. The second consists of adverse selection by very talented applicants who choose Syracuse over higher ranked programs. These students may have superb paper credentials but may lack motivation or work ethic, so they opt for a "less challenging" program. They quickly (and frequently to their dismay) learn that all respectable Ph.D. Economics programs demand from their students substantial amounts of aptitude, time, and work effort. Notice that the effect of GRE scores disappears in the completion stage only within the sequence-driven generalized ordered logit model. The finding suggests that both the logit and multinominal logit estimates that generated a significant effect of GRE scores were the result of not separating the Comp(s) stages from the modeling of the Completion stage. In the logit estimations, completers are compared both to failures and comp passers; the multinominal logit case compares completers to students who failed the theory comprehensive exam.
Empirical Results: Factor Analysis
We now examine success in the Ph.D. program using factor analysis (Johnson and Wichern 1992). This methodology assumes that the specific determinants of success reflect underlying latent behavioral factors. Factor analysis produces estimates of the factors as linear combinations of the determinants. The procedure becomes particularly advantageous when the data contain a large number of determinants relative to the sample size, since the number of factors is considerably less than the number of determinants. Table 5 reports the estimated factors for success in the Ph.D. program. They appear as rotated factor loadings using the varimax procedure. This rotation technique generates factors that describe information in the initial factors by re-expressing them, so that loadings on a few initial variables are as large as possible. By construction latent variables follow a standard normal distribution, are orthogonal to each other, and factor loadings are constrained to one. We obtain very similar results using the promax rotation, which produces non-orthogonal factors.
The 18 determinants (including the six citizenship dummy variables) generate seven factors with a cumulative proportion of 95%. While the number of factors we selected is somewhat arbitrary, we follow several principles suggested in this literature. If there are too few factors, the variables for several distinct concepts may be merged. With too many factors, several factors may attempt to measure the same concept, causing the factors to get in each other's way. Our experience here led us to choose seven factors.
A key issue in factor analysis centers on identifying the latent behavioral characteristics.
The procedure generates the linear combinations, but gives no further information. For a given factor, the researcher comes up with the behavioral characteristic(s) based upon the determinants with coefficients of economically important magnitudes in the linear combination. The signs of these coefficients provide clues as well. We choose to identify these behavioral characteristics a priori, before seeing how the factors perform in the estimated models.
The linear combinations generating the factors appear as columns in Table 5 . 17 The general criterion we use for a determinant to be economically meaningful is for a coefficient to have an absolute magnitude of at least 0.20. This magnitude tends to result in determinants that are significantly correlated (at the 5% level) with the estimated factor. We do not confine ourselves to this criterion, though. In Table 5 , we report in boldface determinants that we feel are economically important in uncovering the behavioral characteristic. We refer to factor (4) Factor (7) appears to provide a straightforward interpretation. It includes large positive coefficients for all three GRE scores. We designate this factor as Overall Intelligence, or sheer intellectual horsepower. Further information comes from examining the negative coefficient for Specific Member. This factor seems to reflect substantial overall talent, reflected in applicants who represent national candidates for Ph.D. study in economics.
From here, we examine the effects of these factors on success in the Economics Ph.D.
program. We perform the same econometric investigations as before, except that we use the factors instead of the specific determinants. Table 6 
Conclusion
Our overall findings tell a coherent story about what determines success in the Economics Ph.D. program. They strongly indicate that students need different skills at various stages. And more directly, they point to the importance of the desire to undertake economics research as a key to completing the doctorate. Along with the necessary talent and acquired tools that enable them to survive the comprehensive exams, interest in doing economics research plays a significant role for them to thrive in pursuing the dissertation.
With the intensity of this data and the deliberate study of each step in the Economics programs had informed him that, "Nobody reads the personal statements." Perhaps they're missing something.
Appendix: Explicit Specifications For The Estimated Models
The structural models are based upon the latent variable Success * , defined as the number of performance units. All models are described in terms of the ith student and the jth step, with µ denoting the residual and x and β defined previously.
Logit
The structural model for success is given by: The model is estimated using the probability specification: 
Standard errors appear in parentheses. All estimated models include an intercept and dummy variables for citizenship, except for Other Asian. The symbols * and ** denote significance at the 10% and 5% levels. 
Standard errors appear in parentheses. The estimated model includes an intercept and citizenship dummy variables (except for Other Asian and European) in each outcome equation. The symbols * and ** denote significance at the 10% and 5% levels. 
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Notes: Rotated Factor Loadings include citizenship dummy variables for all six groups (see Table 1 ). Factor names come from the authors. Numbers in bold denote important determinants for each factor, as identified by the authors. 
-----------------------------------------------------------------------------------------------------------Factor/Outcome Theory Comp Field Comp Completed ------------------------------------------------------------------------------------------------------------
------------------------------------------------------------------------------------------------------------
Notes: Standard errors appear in parentheses. All estimated models include an intercept. The symbols * and ** denote significance at the 10% and 5% levels. 
-----------------------------------------------------------------------------------------------------------Passed Comp(s), Factor/Outcome
Did Not Complete Completed  ----------------------------------------------------------------------------------------------------------- 
------------------------------------------------------------------------------------------------------------
Notes: Standard errors appear in parentheses. Each equation in the estimated model includes an intercept. The symbols * and ** denote significance at the 10% and 5% levels. 
-----------------------------------------------------------------------------------------------------------Passed Comp(s), Factor/Outcome
------------------------------------------------------------------------------------------------------------
Notes: Standard errors appear in parentheses. Each equation in the estimated model includes an intercept. The symbols * and ** denote significance at the 10% and 5% levels.
